Recently, Digital Breast Tomosynthesis (DBT) has been established as a novel and promising imaging modality for the volumetric assessment of breast images, having the advantage, that mass lesions are not obscured by overlaying tissues. In order to support physicians during the assessment and diagnosis of breast lesions, Computer Assisted Diagnosis (CADx) Systems can be applied. In this work a prototypic CADx system for DBT data is described, consisting of several modules, including interactive lesion segmentation, volumetric lesion visualization, lesions characterization, and CBIR to search and retrieve most similar lesions from a reference image data collection of DBT datasets. Up to now, the interactive volumetric lesion segmentation as well as the lesion characterization modules have been implemented and evaluated on real and synthetic DBT image data, respectively. It is expected that, if a high quality reference date collection of DBT data is available, that the results obtained in these initial experiments can be verified and confirmed.
Introduction
In the Western world, at least one out of eight women has to deal with breast cancer during her life. Nevertheless, several studies have shown that the mortality can be reduced significant by early detection of the breast lesions and adequate treatment. Currently, the only image-based screening method, for which in controlled and randomized studies a reduction of morbidity of breast cancer could be confirmed is mammography. In the past years, digital mammography systems [1] [2] [3] have become state of the art and have been established as successors of analogue systems. The assessment of mass-lesions in mammograms is based on a pair of X-ray pictures of each breast, obtained from two angles, mediolateral-oblique (MLO) and craniocaudal (CC). Specifically, as mammographic masses are normally denser than their surrounding tissue, they are most likely depicted as irregular white areas. Nevertheless, within 2D mammographic images, such white shadows can be covered by dense breast tissue, leading to a superposition of mass and tissue in the mammogram. Thus, manual or computer assisted reading of mammograms can be error-prone, as such a super-position may both lead to false-negative or a false-positive detections and hence possible false diagnosis. Moreover, false positive detection rates are currently related to still too many unnecessary biopsies [4] . Digital breast tomosynthesis (DBT) systems [5, 6, 7] , having been introduced in the past years as a new imaging technique for mammography, are considered to have a high potential to succeed digital mammography systems as imaging technique for breast cancer screening in the next decade. Low-dose mammograms are acquired at a number of different projection angles over a limited range with DBT, which can be reconstructed to yield a (compressed) 3D breast volume. Thus, depicted mammographic lesions are free of super-positions of tissue and can hence be interpreted better by man as well as machine.
As stated in [8] , "…, image interpretation by humans is limited due to the non-systematic search pattern … , the presence of structure noise … in the image, and the presentation of complex disease states requiring the integration of vast amounts of image data and clinical information". Hence, computer assisted diagnosis (CAD) systems, defined as a diagnosis made by a radiologist who uses the output from a computerized analysis of medical images as a "second opinion" in detecting lesions, assessing extent of disease, and making diagnostic decisions [8] , are strongly needed in order to support the radiologists in the process of reading and interpreting the increased amount of image data. Hence, it is expected that the next generation of CAD systems for breast cancer diagnosis is based on volumetric DBT image data. While much research is done on the field of lesion detection (CADe) in DBT image data [9, 10] , our work concentrates on designing a system for computer assisted diagnosis (CADx) based on DBT data. The main components of such a CADx are shown in Image 1, including (interactive or automated) lesion segmentation, characterization of the segmented lesion and the case based reasoning. In order to extend the diagnostic capabilities of our previously developed approach for the computer-assisted diagnosis for mammographic masses in 2D digital mammograms [11] towards the capability of handling volumetric DBT data, several extensions to our CADx-system are needed. These extensions include building a reference collection of annotated and validated DBT image data sets, robust interactive segmentation approaches for the delineation of mammographic lesions in DBT data and the possibility to characterize volumetric mammographic lesions, e.g. with 3D texture approaches.
In this contribution, our recent developments with respect to interactive mammographic mass lesion segmentation (Section 2.1) and the approaches towards 3D-texture analysis (Section 2.2) will briefly be described.
Image 1:
Illustration of the main components and the workflow with in a CADx system 2 Methods
Volumetric Lesion Segmentation
The segmentation methods implemented and evaluated so far [12] have been adapted from [13] and extended for the use with DBT data.
Preprocessing
In a first step a volume of interest (VOI) containing the lesion is interactively selected and marked, excluding background image data and healthy tissue. To reduce possible noise and simultaneously enhance edges between the lesion and the surrounding background tissue, an edge-preserving smoothing using an anisotropic diffusion filter is applied on each slice of the VOI. A contrast enhancement is obtained using histogram normalization to the smoothed image, cf. Image 2b.
2.1.2
Initial Segmentation For the initial segmentation two different segmentation techniques have been implemented and evaluated, namely region growing (RG) and Fuzzy C-Means (FCM) clustering. Both segmentation techniques show similar results and have previously been applied for the segmentation of lesions in DBT data [10, 14] . For the region growing approach, the center of the VOI is used as seed point, while an empirical fixed lower threshold is applied for the initial fore-and background separation, cf. Image 2c. For FCM the number of clusters is set to three, as three types of tissue are considered: lesion tissue with light gray intensities, normal tissue with middle gray tones and shadows with darker gray intensities. More details can be found in [12] .
2.1.3
Postprocessing As can be seen in Image 2c, the result of the initial segmentation (both from RG or FCM) may contain the targeted region of the lesion attached by surrounding tissue and other artifacts. Thus, morphological operators are applied to merge small boundary regions with the main lesion. Furthermore, a filling algorithm is used remove holes inside the lesion. In order to cut unwanted regions from the lesions, its center is computed by the Euclidian distance transformation (DT). The maximum intensity value in the DT image and near the center or the VOI is considered as the center of the lesion. Under the assumption that mass lesions are blobby, a cube around the tumor center is constructed from which radial rays are sent out through all voxels of the cube. These rays are traced until they reach the surface of the segmentation at the first time or leave the VOI. The intersection points with a surface are stored and used to compute the convex hull. The volume inside the convex hull is considered as lesion tissue, from which a mask is obtained, cf. Image 2d. 
Volumetric Lesion Characterization
As the notion of "texture" is one of the most promising and understood methods to characterize and differentiate lesions in mammographic imagery, it seems obvious to extend 2D texture analysis methods to 3D, in order to assess the texture within the segmented volume. Motivated by previous work on the use of volumetric texture approaches for the computer-based assessment of mammographic lesions [15, 16, 17] , four texture analysis approaches have been extended from 2D to 3D [18] . Gray-level co-occurrence matrices (GLCM) and texture features obtained from the GLCM are the most prominent texture analysis approach [19] . Normally, a GLCM is computed for each pixel using a 2D displacement vector (dx, dy) within the image plane. For the extension to 3D, the computation of the GLCM is extended using a 3D displacement vector (dx, dy, dz), where also voxels in adjacent image slices of the DBT volume are considered. Similarwise, sum-and difference histograms (SDHs) [20] have been extended to 3D. Run length statistics (RLS) [21] con-
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Case based reason--ing Diagnostic proposal sider "runs", describing the number of consecutive pixels of a certain direction α and the same intensity-level i. This yields a run length matrix for various directions and intensities, from which statistical features are computed. While for 2D GLCMs, SDHs and RLSs, 4 symmetrical displacements have to be considered, for the 3D case 13 orientations have to computed and merged. Furthermore, statistical geometrical features (SGF) [22] are considered. These are computed from a decomposition of a gray-scale images into a stack of binary images with increasing threshold levels. From the binary stack, various statistics concerning region sizes, and irregularities are computed and neighborhoods are obtained. The 3D-extension of SGFs is straight forward, where the stack of binary images are extended to a hyperstack of binary volumes, and the neighborhoods for feature calculations are moved from 2S to 3D. More details of the extensions can be found in [18] .
Results
Due to the lack of a large collection of DBT data, including positive as well as negative cases, the two described modules of the CADx approach, namely interactive lesion segmentation and volume characterization, have so far been evaluated independently. For the lesion delineation, a collection of real DBT data with manually annotated tumor lesions was used, whereas for the lesion characterization, a collection of synthetic images was applied.
Volumetric Lesion Segmentation
For the evaluation of the segmentation schemes (FCM and RG), the resulting lesion volumes from 17 annotated DBT data sets with positive findings were compared on the volume level (in milliliters) to a manually provided ground truth [12] , obtained from an expert radiologist. Due to varying breast sizes, both, computed and annotated lesion volumes, were normalized with respect to the expert. Hence, the expert volume annotations were assumed to be "1", where over-segmentations (larger volumes) achieved higher values ("> 1") and under-segmentation (smaller volumes) yielded lower values ("<1"). As depicted in Image 3, over all evaluated cases, median and mean normalized volumes of the segmented lesions have been computed. With respect to both values, it can be observed, that FCM most likely yields under-segmentations of the lesions (compared to the expert), while RG will provide over-segmentations of the lesions. The values for the mean and standard deviation over the normalized volumes of the two methods are µFCM = 0.99, σFCM = 0.47 and µRG = 1.05, σRG = 0.42. More details can be found in [12] .
Volumetric Lesion Characterization
Due to the lack of a currently sufficient amount of DBT mammographic data sets with benign and malign lesions and corresponding clinical annotation, the 3D-extensions of textural features have been evaluated on a data base of synthetic images, namely the publicly available RFAI 3D texture images database [23] . From the available 95 different classes of synthetic textured 3D images, nine classes with the most visual similarity to mammographic tissues were selected. For each of the selected classes, fifty image samples are available: 10 normal, 10 with Gaussian blur, 10 with Gaussian noise, 10 with subsampling distortion, and 10 with random rotations. All 3D texture volumes have the same size of 64x64x64 voxels. The experimental database consists of nine classes with 40 3D textures for each class, resulting in a total of 360 3D textures.
Image 3:
Comparison of expert annotation (left) with FCM (center) and RG (right). For comparison, all volumes have been normalized with respect to the expert annotation. Image from [12] .
For the experiments of volumetric texture characterization three different approaches for each texture method are considered [18] . These approaches compare the standard 2D texture method applied to the central slice of a volume, the mean feature vector obtained from the texture analysis applied to each slice of the volume and the approach with the proposed 3D extensions. For all three approaches, an optimal feature subset was extracted using a genetic algorithm. The classification accuracy of each feature subset was then computed by a support vector machine in combination with a total cross validation. As described in [18] in more detail, on the synthetic image database, for each of the four evaluated texture methods one of the 3D approaches (mean vector approach or 3D extension) yields better results than the corresponding 2D approach. Averaging over all approaches, the 3D extension of the SGF performs better than SDH and GLCM, while RLS performs significantly less.
Conclusion
Digital Breast Tomosynthesis (DBT) is a new imaging modality for the volumetric assessment of breast images, and the advantage over conventional mammography, that mass lesions are not obscured by overlay projections and super-positions. Hence, DBT has the potential to become a powerful and valuable imaging modality for breast cancer screening programs. In order to support radiologist during 
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Mean the assessment and diagnosis of breast lesions in DBT image data, Computer Assisted Diagnosis (CADx) systems can be applied. In this work, two modules of a prototypic CADx system for DBT data have been descried, namely a module for interactive volumetric lesion segmentation, and a module for volumetric lesion characterization. Both these modules are essential parts of a CADx system, which in the next step have to be combined with a CBIR approach to search and retrieve most similar lesions from a reference image data collection of DBT datasets. It is expected that, if a high quality reference data collection of DBT data is available, that the results obtained in these initial experiments can be verified and confirmed on real data.
